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Abstract 
The goal of open government data (OGD) initiatives is to promote transparency, efficiency and 
public participation in public management policies. To do so, public organizations must consider 
which elements might help the development of their open government data portals (OGDP). This 
paper studies the evolution of OGDP in the 28 countries of the European Union (EU) in a 
multidisciplinary setting. Whereas the comparative frameworks in the literature are mostly based 
only on technological parameters, this exploratory research aims to uncover which factors might 
uphold the successful development of OGDP through the analysis of the relationships between a 
number of technical and socioeconomical indicators over a period of three years (2015-2017), using 
a clustering methodology. The results show that EU countries are slowly homogenizing their OGD 
approaches into two currents/speeds, based mainly on economic factors and open government 
development status. The originality of this research lies in the sense that it provides not only a 
technical benchmark, but also a longitudinal and multidisciplinary perspective that will add to the 
current formulation of OGD policies and practices in any international setting. 
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1. Introduction  
According to Open Knowledge Foundation (n.d.), open data refers to data that may be “…freely 
accessed, used, modified, and shared by anyone for any purpose”. Open government data (OGD) 
then, refers to that public sector data that are freely available for access and exploitation 
(Kalampokis, Tambouris, & Tarabanis, 2011) by public service stakeholders, namely, politicians, 
data collectors, data processors, data publishers, infrastructure providers, companies and firms, 
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infomediaries, citizens and policy makers (Charalabidis, et al., 2018). Research on OGD is 
important because public sector organizations (PSOs) are one of the major producers and users of 
information (Aichholzer & Burkert, 2004). 
OGD is the combination of linked data, open data, big data and government data 
(Charalabidis, et al., 2018). Although the first OGD ideas can be dated from the 1950s in the United 
States of America (USA) (Parks, 1957), the European Union (EU) was a pioneer in this movement, 
with the delivery of the EU Public Sector Information Directive in 2003 (European Parliament and 
Council of the EU, 2003) which was revised in 2013 (European Parliament and Council of the EU, 
2013). In the USA, during Obama’s tenure, the USA Open Government Directive of December 8, 
2009 (Office of the President, 2009) was launched, which Canada followed in 2011 with a pilot 
national open data site, followed in 2014 with the Directive on Open Government (Government of 
Canada, 2014). Another milestone was the inauguration of the Open Government Partnership 
(https://www.opengovpartnership.org) in 2011, a voluntary initiative whereby governments pledged 
to empower citizens and fight corruption by means of procuring and developing adequate and 
valuable OGD initiatives. By September 2019, a total of 79 countries and 20 local initiatives had 
signed up as members of this organization. 
The uses of OGD should be centered on creating public value and constructing public 
policies based on an open culture (Zuiderwijk & Janssen, 2014a), such that governments should 
move from open data to open service (Chan, 2013; Yang, Lo, & Shiang, 2015), deploy collaborative 
solutions among e-government stakeholders to foster innovation (Edelmann, Höchtl, & Sachs, 
2012; Veljković, Bogdanović-Dinić, & Stoimenov, 2014; Yang & Kankanhalli, 2013), and enforce 
government efficiency, transparency and accountability (Attard, Orlandi, Scerri, & Auer, 2015; 
Janssen, Matheus, Longo, & Weerakkody, 2017; Lourenço, 2013). In addition, the geopolitical 
context is a crucial factor, since the effectiveness of open government policies is influenced by 
cultural, geographic or regulatory factors tied to the country under consideration (Reale, 2014; 
Yang, et al., 2015). 
It should not be forgotten that open government policies also have a dark side (Zuiderwijk 
& Janssen, 2014b), and therefore only those open data policies that offer a clear contribution to the 
decision making processes of the different stakeholders should be deployed. Data protection issues 
arise when collecting and sharing open data among organizations, an action which may be in 
conflict with the goals of the data users and holders. Therefore, it is necessary to determine how this 
collaboration takes place, in a way that is compliant with data protection legislation (van den Broek 
& van Veenstra, 2018). To be considered useful and valuable, OGD initiatives must comply, at 
least, with the eight principles of open data (Open Government Working Group, 2007). These 
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principles are: complete, primary (as in collected at the source), timely, accessible, machine 
processable, non-discriminatory, non-proprietary and license-free. 
Despite the importance of this topic, in their bibliometric research Zhang, Hua, and Yuan 
(2018) state that OGD is still an emerging topic in the field of open data. Thorsby, Stowers, 
Wolslegel, and Tumbuan (2017) affirm that more empirical and systematic research needs to be 
carried out regarding OGD portals (OGDPs), while Yang, et al. (2015) assert that there are still no 
appropriate metrics to evaluate the success of open data initiatives. In particular, as Charalabidis, 
Alexopoulos, and Loukis (2016) posited, there is a gap regarding interdisciplinary research, 
including social and economic aspects, in terms of designing models to face the challenge of 
anticipating unexpected crises. In addition, socio-technical variables (Davies & Frank, 2013) should 
be included when strictly technology indicators are deemed insufficient to assess the public value of 
the portal (Sandoval-Almazan & Gil-Garcia, 2014). 
The aim of this research is to bridge this gap, by using technical and socioeconomic 
indicators to measure the development of the OGDPs of the 28 countries of the EU (EU-28) over 
three years (2015-2017), and then to carry out a cluster analysis to examine the antecedents of their 
development. Our contribution to the OGD literature, therefore, lies in providing a new 
multidisciplinary analysis framework for OGDPs that attempts to advance knowledge with regard to 
the understanding of national OGDPs’ expectations and future considerations. Finally, the 
implications of this study will benefit policymakers, open data users and researchers when working 
on the construction of valuable OGDPs, and formulating public policies to empower open data 
stakeholders.  
This paper is structured as follows. Following this introduction, a review of the main 
literature is presented. The research methodology is then described. The next section contains the 
results and discussion. The paper finishes with some conclusions, research limitations and 
considerations for stakeholders. 
 
2. Related works  
Since its inception, a number of researchers have developed evaluation models for OGDP, 
focusing on different aspects such as the maturity of the portal and data usability (Veljković, et al., 
2014) or the level of implication for stakeholders (Sayogo, Pardo, & Cook, 2014), all of which 
relates to public efficiency and openness. dos Santos Brito, Silva Costa, Cardoso Garcia, & Romero 
de Lemos Meira (2014) and Lourenço (2015) focused on the transparency and accountability 
features of the data in the portals, which they believed would translate into government 
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transparency and efficiency. Metadata quality, and data content are also often considered as 
benchmarking tools (Martin, Foulonneau, & Turki, 2013; Reiche & Höfig, 2013; Younsi Dhabi, 
Lamharhar, & Chiadmi, 2018). Máchová and Lnénicka (2017) posit that the level of sophistication 
of the portal itself is, in addition to the number of datasets and the quality of the data, positively 
related to the quality level of the portal, contributing to an increase in its social and economic value. 
The degree of compliance with the eight OGD principles has also been a way to evaluate national 
OGDPs using technical indicators to reflect a qualitative measure of OGD benefits (Gomes & 
Soares, 2014; Sanad, et al., 2018). 
Other works have widened the scope and introduced non-technical features into their 
benchmarking analysis. Zuiderwijk and Janssen (2014a) consider a mix of socioeconomic factors 
such as environmental context, policy content, performance indicators and compliance with public 
values, always within the Dutch context. Huijboom and van den Broek (2011), which have also 
considered a mixed approach to the analysis of OGD, have focused on specific successful initiatives 
to reveal good practices. Moreover, Jetzek, Avital, and Bjorn-Andersen (2019) posit that to assess 
OGD initatives, both social and market-related mechanisms should be considered in order to create 
sustainable value for their users.  
In addition, several non-academic OGDP rankings/indexes/barometers are available for use. 
Each of them uses a different algorithm for establishing their benchmarks or rankings, depending on 
the main points they want to stress. The most relevant ones are, on the one hand, the Open Data 
Barometer (https://opendatabarometer.org), a product of The Web Foundation, which is based on a 
survey addressed to experts that considers not only OGDPs, but many other aspects related to open 
data policies; on the other hand, there is the European Open Data Portal 
(https://www.europeandataportal.eu/) which offers an annual overview of the maturity of the open 
data initiatives of the EU-28 from 2016.  
In sum, the existent literature has focused on studying the features of the OGDPs, usually 
by analyzing their technical features; or in analyzing the quality of the portals by introducing social, 
institutional or economic indicators but from a single country perspective, looking at the OGD best 
practices to extract lessons for open data policy improvement in a static picture. The systematic 
analysis of Hossain, Dwidedi, and Rana (2016) indicates that only 10% of the current literature on 
open data offers a mixed or integrated approach, and most research is of a qualitative nature. In this 
research we expand on the work of Thorsby, et al. (2017) but a) considering the national OGDPs of 
the EU-28, b) over a period of three years, and c) using cluster analysis. 
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3. Research methodology  
3.1 Research context  
The research method applied in this work was a cross-sectional analysis of the open data portals of 
the countries of the EU, which is considered an area of continuous growth and high interest in the 
European political agenda (Capgemini Consulting, 2015). A multiple-country assessment was 
carried out based on a comparative single-country approach. The initial list of countries was that of 
the EU-28 countries on July 1st, 2015. This way, we offer a characterization of national portals 
based on technical and socioeconomic indicators under the same global policy frame (European 
Parliament and Council of the EU, 2013), because legislation is one the factors that influences most 
the sharing of information between agencies (Yang, et al., 2015), in spite of internal differences 
between EU countries (Reale, 2014).  
This study combines two main sources of data, the data about the OGDPs and the 
socioeconomic statistics about the countries included in the research. The analysis does not consider 
the content of the datasets or applications, but focuses instead on the structural elements of the 
portals. Since these structures are continuously evolving (Lourenço, 2015), the portals were 
observed over a period of three years, from July 2015 to December 2017, obtaining data every 13 
months for a longitudinal analysis. We have chosen a 13 month period because this allows the data 
to be de-seasoned and is a period long enough to allow us to observe significant changes. 
The information used in the analysis was gathered from the websites of the official OGDPs 
maintained by a designated agent, regardless of the language of publication and the number of 
published datasets. 
In order to ensure that the portals conformed to the open government quality principles, it 
was required that they met the following criteria: 
• Open data should be offered in a reusable digital format, such as xls, xlm, doc, pdf… 
• All datasets (either specifically or in general) should display their license to reuse, republish 
and/or replicate the data (Open Knowledge Foundation, n.d.).  
• Open data should be provided by governments and other PSOs, or in collaboration with 
groups and individual contributors and developers. That is, content does not have to be 
generated by a public organization, but its management as part of an open platform should 
be public. 
The portals should have a nation-wide, official character: only strictly national portals were 
considered, in order to be able to carry out the analysis at a comparable level. Unofficial portals (i.e. 
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open data portals offering datasets related to a country, but not managed by an officially-designated 
public organization) have been discarded due to the lack of governmental control. 
3.2 Cluster analysis 
The methodology adopted in this research comprises four main stages: data aggregation, data 
preparation, data processing and data analysis. A graphical description of the method, with the steps 
that compose each stage, is depicted in Figure 1. These stages are now described in detail. 
Fig. 1. Methodology structured in four stages: data aggregation, data preparation, data processing, 
and data analysis 
 
Source: own 
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3.2.1 Data aggregation 
Considering the literature on OGD indexes, three parameters were chosen as part of our model to 
signal the evolution of the portal: 
• Number of datasets per 100,000 inhabitants: Following Thorsby, et al. (2017) and Yang and 
Wu (2016), the number of datasets in relation to the population could be a measure of the 
possible usefulness of the portal. 
• Data reuse (number of applications available): Reuse of data is considered a crucial 
indicator of OGD success, since there is a symbiotic relationship between users and 
producers of OGD (Saxena, 2018; Sharon, 2010).  
• Organizations participating: This is an indicator that demonstrates the engagement of the 
country’s PSOs in providing content to the portal and co-creating public knowledge as part 
of the ecosystem, which is largely dependent on the country (Styrin, Luna-Reyes, & 
Harrison, 2017; Yang & Wu, 2016). Also, most interactions within OGD seem to be on an 
inter-organizational basis (Yang, et al., 2015). 
All data were collected manually by means of an online search of the OGDP of each 
country1. Unfortunately, collecting and normalizing the features of an OGDP is quite challenging, 
because there does not exist a standard that all countries accept and apply. Therefore, in this study, 
we only considered the data that could be extracted from all the OGDPs and could be quantified: 
launch date, number of datasets, number of organizations, and number of applications. 
Regarding socioeconomic indicators, or possible antecedents of OGD development, they 
were chosen in such a way as to evaluate different aspects of the socioeconomic context of the EU-
28, and were manually collected from their primary sources. The list of chosen socioeconomic 
indicators is as follows: 
• EGDI: e-Government Data Index. Index 0-1. 
https://publicadministration.un.org/egovkb/Portals/egovkb/Documents/un/2017-Survey/E-
Gov_Complete_Survey-2017.pdf) 
• CPI: Corruption Perceptions Index. Index 0-1. 
https://www.transparency.org/cpi2015#results-table   
• GDP: Gross Domestic Product. Millions of euros. 
http://appsso.eurostat.ec.europa.eu/nui/show.do?dataset=nama_10_gdp&lang=en 
 
1 Data available at http://hdl.handle.net/10045/93447 
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• PAT: Number of patents per 1,000,000 inhabitants. 
https://ec.europa.eu/eurostat/web/science-technology-innovation 
• EHT: Employment in high- tech, manufacturing and knowledge-intensive service sectors 
(as % of total employment). 
https://ec.europa.eu/eurostat/web/science-technology-innovation 
• IU: Internet connections over the total population. 
https://www.itu.int/en/ITU-D/Statistics/Pages/stat/default.aspx 
• EXP: Expenditure (national budget). Millions of euros. 
http://appsso.eurostat.ec.europa.eu/nui/submitViewTableAction.do 
• POP: Population. Number of inhabitants. 
https://ec.europa.eu/eurostat/tgm/refreshTableAction.do?tab=table&plugin=1&pcode=tps00
001&language=en   
• GODI. Global Open Data index. Ranking position. 
http://2015.index.okfn.org/place/ 
• PM. Portal Maturity index. Index 0-100. 
https://www.europeandataportal.eu/es/dashboard#2018 
The first two indicators refer to the obvious relationship between e-government and OGDP 
(Chan, 2013; Hansson, Belkacem, & Ekenberg, 2015), hence the inclusion of the position of the 
country in EGDI as a measure of government openness, transparency, democracy and will for open 
technology use. For a more specifically social indicator in this context, the CPI intends to measure 
the perceived effect of OGD initiatives as promoters of government transparency (Lourenço, 2013, 
2015). 
Next, according to Yang and Wu (2016), organizational capabilities and facilitating 
conditions, among other factors, are found relevant for OGD usefulness, thus the inclusion in the 
list of indicators of a country’s GDP as a measure of a facilitator of investment and growth; 
however, no conclusive evidence was found of the positive relationship between GDP and public 
transparency and accountability, so this indicator should be considered with caution (Harrison & 
Sayogo, 2014). Mejabi, et al. (2015) also found evidence of the very high effect government 
expenditure figures (EXP) had for the publishing organizations, while being not so high for other 
stakeholders. However, other researchers state that public budget cuts have actually promoted the 
use of open data to make citizens understand and become involved in political decisions (Huijboom 
& van den Broek, 2011).  
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One facilitating condition proposed by Thorsby, et al. (2017) was the degree of innovation 
of the PSO managing the portal, which was here referred to as PAT, to offer a measure of the 
degree of innovation within a country. In addition, in their qualitative research, Mejabi, Azee, 
Adedoyin, and Oloyede (2015) affirmed that the impact of the knowledge of the stakeholders, in 
terms of how to use open data on the level of institutionalization of the national data initiative, is 
high. Therefore, EHT was introduced as an indicator of interested and capable external users, as 
well as IU, since human capital has been observed as an antecedent of governmental transparency, 
while considering also its role as a measure of the resources available to a country’s government.  
Finally, other technical variables were considered to reinforce the open data aspect of the 
analysis, namely the age of the portal (AGE) measured in years since its inception (Thorsby, et al., 
2017), and two separate ways to establish the evolution of the open data policies in the analyzed 
countries, after Reale’s (2014) comparative analysis: the GODI and the PM, which apply only to 
EU-28. The need for different measures stems from trying to consider all the dimensions of open 
data and their relationship to OGD. 
3.2.2 Data preparation 
After completing the data acquisition and collection, data cleaning checked the resulting dataset to 
identify and correct possible errors such as missing values, outlier values or different data formats 
(Chu, Ilyas, Krishnan, & Wang, 2016). This guarantees the highest degree of data reliability. 
Then, Score, our OGDP indicator, is calculated for each portal and for each time period. 
The new metric OGD Score is defined as: 
𝑆𝑐𝑜𝑟𝑒𝑖 = 
𝑁𝑢𝑚𝐷𝑖
𝑀𝑎𝑥{𝑁𝑢𝑚𝐷𝑖}
⁄  + 
𝑁𝑢𝑚𝑂𝑖
𝑀𝑎𝑥{𝑁𝑢𝑚𝑂𝑖}
⁄ + 
𝑁𝑢𝑚𝐴𝑖
𝑀𝑎𝑥{𝑁𝑢𝑚𝐴𝑖}
⁄
3
 
where NumDi is the number of datasets per 100,000 inhabitants, NumOi is the number of 
organizations that collaborate in the portal per 100,000 inhabitants, and NumAi is the number of 
applications published in the portal per 100,000 inhabitants. In this way, Score is not an absolute 
measure, but a relative measure that is used to compare an OGDP against a set of OGDPs. 
This calculation is performed in three steps: 
1. Calculate the relative number of datasets/organizations/applications per 100,000 
inhabitants. 
2. Calculate the ScoreD/ScoreO/ScoreA of each portal as the relative number of 
datasets/organizations/applications divided by the maximum relative number of 
datasets/organizations/applications. 
3. Calculate Score as the average of ScoreD, ScoreO, and ScoreA. 
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The components of the dataset present different dimensions and magnitudes; therefore, 
there is a need to normalize all components for effective comparison. The following equation is 
used to calculate ncpt, the normalized value of the component c of the portal p in the time period t: 
𝑛𝑐𝑝𝑡 = 
𝑣𝑐𝑝𝑡
𝑀𝑎𝑥𝑐𝑡{𝑣𝑐𝑝𝑡}
 
where a larger value ncpt represents a better performance. 
Afterwards, the normalized values are categorized into six intervals: 
𝑐𝑎𝑡𝑐𝑝𝑡 =
{
  
 
  
 
0 𝑛𝑐𝑝𝑡 = 0
1 0 < 𝑛𝑐𝑝𝑡 < 0.2
2 0.2 ≤ 𝑛𝑐𝑝𝑡 < 0.4
3 0.4 ≤ 𝑛𝑐𝑝𝑡 < 0.6
4 0.6 ≤ 𝑛𝑐𝑝𝑡 < 0.8
5 0.8 ≤ 𝑛𝑐𝑝𝑡 < 1
 
At the end of this stage, the final dataset is ready to be used to perform the data processing. 
3.2.3 Data processing 
Once the final dataset is calculated, an iterative process is used to calculate all the combinations of k 
indicators from the set of n indicators. The objective is to test all possible combinations of 
indicators to find the best clustering solution. The number of combinations is equal to the binomial 
coefficient: 
(
𝑛
𝑘
) =
𝑛(𝑛 − 1) ··· (𝑛 − 𝑘 + 1)
𝑘(𝑘 − 1) ··· 1
=
𝑛!
𝑘! (𝑛 − 𝑘)!
 
For each combination, the corresponding indicators are extracted from the final dataset to 
perform the clustering that divides data into groups with similar values. Clustering is useful when 
data are composed of multiple dimensions. 
Clustering algorithms have been extensively studied in the past (Hartigan, 1975; Jain & 
Dubes, 1988), but as no clustering algorithm offers the best solution to any combination of initial 
requirements, their analysis is an area of study that is still continuing (Dehuri, Mohapatra, Ghosh, & 
Mall, 2006; Venkatkumar & Shardaben, 2016). In our method we have selected the density-based 
spatial clustering of applications with noise (DBSCAN), a clustering algorithm proposed in 1996 
(Ester, Kriegel, Sander, & Xu, 1996). DBSCAN is designed to discover clusters of arbitrary shapes 
and requires only two input parameters: epsilon, the maximum distance between two points for 
them to be considered as being in the same neighborhood; and minpoints, the minimum number of 
points in a neighborhood for a point to be considered as a core point. The basic idea of DBSCAN is 
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that a neighborhood around a point of a given radius (epsilon) must contain at least a minimum 
number of points (minpoints). 
Some studies show that DBSCAN outperforms other clustering algorithms such as K-
means, SOM and CLARANS (Dehuri, Mohapatra, Ghosh, & Mall, 2006; Ester, Kriegel, Sander, & 
Xu, 1996). The main benefits of DBSCAN are: minimal requirements of domain knowledge to 
determine the input parameters, discovery of clusters with arbitrary shapes and good efficiency in 
dealing with large databases (Ester, Kriegel, Sander, & Xu, 1996). 
Because clustering is an unsupervised pattern classification, and domain knowledge is not 
needed to perform the clustering, the correct partition of the input data is not available, and to 
determine how the proposed classification fits the input data, i.e. to validate the results obtained, is 
fundamental. The most commonly-used approaches for cluster validation are based on internal 
cluster validity indices (CVIs) (Arbelaitz, Gurrutxaga, Muguerza, Pérez, & Perona, 2013). 
Basically, the idea behind these indices is to measure the compactness and separation of the 
clusters.  
Different studies have evaluated and compared internal CVIs (Arbelaitz, Gurrutxaga, 
Muguerza, Pérez, & Perona, 2013; Gurrutxaga, Muguerza, Arbelaitz, Pérez, & Martín, 2011).  
Some works have shown that there is no single CVI that outperforms the rest (Dimitriadou, 
Dolňicar, & Weingessel, 2002; Maulik & Bandyopadhyay, 2002; Milligan & Cooper, 1985). An 
extensive study (Arbelaitz, et al., 2013), which compared 30 CVIs in 720 synthetic and 20 real 
datasets, found that a group of indices such as Calinski–Harabasz, COP, Davies–Bouldin, and 
Silhouette, perform better than the other analyzed CVIs. This research uses the Davies–Bouldin 
index (DBI) because it presents the following advantages over other indices that allows it to be used 
to guide a cluster-seeking algorithm (Davies & Bouldin, 1979): as it does not depend on either the 
number of clusters analyzed nor the method of partitioning the data, it requires little user 
interaction, and there is no specification of parameters; it is computationally feasible for large 
datasets; and it provides meaningful results for data of arbitrary dimensionality. The minimization 
of the DBI “…appears to indicate natural partitions of data sets” (Davies & Bouldin, 1979, p. 224). 
3.2.4 Data analysis 
The objective of the final stage is to identify the best clustering solutions from all the calculated 
clustering results. Once the best clustering solutions are identified, they can be analyzed, visualized 
and interpreted. 
For this research, the following guidelines were specified to draw the clusters: 
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• To maximize the number of portals (countries) grouped in each cluster, because the 
objective is to classify as many portals as possible. 
• To maximize the number of clusters, because the objective is to make a fine classification 
of the portals. 
• To minimize the DBI, because the objective is to find natural partitions of the portals. 
4. Results and discussion 
During stage 1 - data aggregation - the data acquisition process generated a dataset of 28 countries 
by 22 fields and 3 periods. The data collection generated a dataset of 28 countries by 10 fields and 3 
periods. With this data we were able to calculate the parameter Score.  
In Figure 2 it can be seen how Score has evolved over the three-year period: the darker the 
country, the larger the Score. The leading countries are consistently the same for the whole period 
of analysis: Austria, Finland, UK and France. Greece, Luxembourg and Estonia have progressed 
from nothing to the maximum in these three years, whereas countries like Netherlands, Germany 
and Spain have become less trendy, meaning that their OGDPs have become less advanced 
compared to those of their neighbors, and that their OGD policies have stagnated. Slovenia and 
Ireland have also seen a positive development in these three years. On the other side of the 
spectrum, there are some countries that Score 0, meaning no OGD at all. Therefore, those policies 
that endeavor to maintain and increase the level of sophistication of the portal and the number of 
datasets and collaborators, result in higher quality portals, as proposed by Veljković, et al. (2014), 
Sayogo, et al. (2014), or Máchová and Lnénicka (2017).  
Fig. 2: Evolution of indicator Score 2015-2017 
Source: own  
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During stage 3 - data processing - the sampling calculated all the combinations of k 
indicators from the set of 10 socioeconomic indicators (CPI, EGDI, EHT, EXP, GDP, IU, GODI, 
PAT, PM, and POP) and the two calculated parameters (Age and Score), for k from 2 to 6: 66, 220, 
495, 792, and 924 combinations. Therefore, the total number of combinations was 2,497 for each 
period. The clustering was iteratively performed with epsilon taking values from 0.5 to 3.0, with 
steps of 0.1, and minpoints taking integer values from 2 to 7. As a result, the total number of 
clustering executions was 2,497 by 26 by 6 by 3, obtaining a total of 1,168,596 iterations. 
Table 1 shows the results of the clustering algorithm after 5 iterations for the period 2015-
2017. It can be seen that all of the analyzed technical and socioeconomic indicators are valid 
antecedents of OGD clusters in relation to our parameter Score with one exception: PAT. This 
would mean that innovation (measured as the number of patents) is not as effective as a possible 
differencing indicator for OGD development as opposed to the research of Thorsby, et al. (2017).  
Take in Table 1 
The first interesting outcome of Table 1 is that the number of clusters has decreased over 
time for all combinations of indicators, meaning that the stances have been polarized. Considering 
that the values for epsilon have been increasing, it is revealed that these (fewer) groups are more 
internally homogeneous and externally different. As it is, in 2017, the algorithm shows a Europe 
divided in two, regardless of the number of indicators used for the clustering. The second group is 
formed by France, Germany and the UK, all three countries of a similar size and considered to be 
the economic and historic core of the EU-28. This outcome is aligned with the geopolitical 
significance articulated by Reale (2014) and Yang, et al. (2015). 
The more recurrent indicators are related to economic issues. For 2015, national public 
expenditure (EXP) seems to be the most frequent indicator, as it shows as a parameter for all 5 
clustering iterations, although in 2016 it loses some of its relevance since it does not show in any 
combinations for the best clustering in the first four iterations, being back on the second iteration in 
2017. The same pattern, although somewhat less marked, happens to GDP. We can infer, therefore, 
that financial antecedents as facilitators are related to the development of clusters of similarly-
evolved national OGDPs, concurring with some of the findings of Mejabi, et al. (2015) and Yang 
and Wu (2016). Still, the variability of the economic indicators as main factors supports the need for 
caution as advised by Harrison and Sayogo (2014). 
Among the sociopolitical indicators, EGDI and GODI seem to be the main differentiation 
factors. This is probably due to the European e-Government Action Plan 2016-2020 
(https://ec.europa.eu/digital-single-market/en/european-egovernment-action-plan-2016-2020), 
which aims to scale up the development of truly valuable e-public services that could boost the 
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single European market. Therefore, the link between e-Government policies, open government and 
OGD is evidenced, as posited by Attard, et al. (2015), Janssen, et al. (2017) and Lourenço (2013). 
The second social indicator to consider is the population (POP) of the country, which appears as a 
differential parameter in all three years, concurring with the literature (Thorsby, et al., 2017), 
although always in combination with EXP. This again echoes the power of the financial facilitator 
on OGD development. 
In order to better understand the relationship between Score and the antecedents, we need to 
look at the clusters’ evolution. Looking at the most relevant indicators, the following relationships 
have been represented: EXP-Score (Figure 3), EGDI-Score (Figure 4), GODI-Score (Figure 5) and 
POP-Score (Figure 6). Changes in the clusters seem to reveal a polarization trend that splits most of 
EU-28 into two groups with opposite behaviors, although this partition may be in two ways. The 
clustering based on an economic factor, EXP (Figure 3) sets apart the leading economic countries of 
the EU, while the social indicator EDGI (Figure 4) results in a less homogenous but stable cluster of 
countries that balances a more homogeneous cluster housing the more-e-government advanced 
countries.  
Regarding the other two parameters, the relationship GODI-Score (Figure 5) shows a two-
cluster formation, but in this case the results could be misleading, since one of the clusters is made 
up of those countries that have a value of GODI=0, meaning that the original database does not 
offer information for those countries, and thus they cannot be properly considered by the clustering 
algorithm. Finally, the clustering based on the countries’ population, POP (Figure 6) reveals a 
similar trend to that of EDGI’s (Figure 4) although less defined, while stressing the independent 
behavior of the economic leading countries as shown in Figure 3.  
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Fig. 3: Cluster evolution for EXP – Score 2015-2017 
 
Source: own 
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Fig. 4: Cluster evolution for EGDI – Score 2015-2017 
 
Source: own 
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Fig. 5. Cluster evolution for GODI – Score 2015-2017 
 
Source: own 
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Fig. 6: Cluster evolution for POP – Score 2015-2017 
 
Source: own 
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5. Conclusions: considerations, development and expectations 
This research aimed to contribute to the existing OGD literature regarding assessment 
frameworks, supporting the development of a more comprehensive assessment tool. By using 
cluster analysis, the development of several technical indicators over a three-year span and their 
possible relationship to other socioeconomic factors, was revealed. Policy makers and other 
stakeholders might be able to use these results to reflect on how to add value to existing or future 
OGDPs and to forecast future scenarios.  
The EU-28 countries have experimented with different paths in their OGD development 
since 2015. While there is a group of core, leading countries whose scores are very high, there are 
three other groups that have shown a meteoric growth, stagnation or simply no interest in national 
OGD. It would be in the interest of the latter two groups to analyze the behaviors and policies of the 
faster-evolving ones. 
In particular, the results of this research leave a number of factors to be considered, such as 
acknowledging that money matters: in almost every clustering combination for 2015, 2016 and 
2017, GDP, EXP or both can be found. Besides, the link between e-government and OGD is 
apparent, since EGDI is also a recurrent indicator in all three years, but especially after 2016.  
As for considerations with regard to OGD development, and bearing in mind the reflections 
of Jetzek, et al. (2019), what can be gathered from this research is that the true measure of the 
quality of the OGDPs is the generation of value to the different stakeholders. Data, and information, 
are public (such as patents, which do not feature as a significant antecedent, thus it could be a signal 
of not offering true value to European OGD users) but knowledge is not: it is imperative to 
understand how these stakeholders create knowledge and benefit from it by re-using public sector 
data. Best practitioners, like Belgium and Luxembourg, should then be studied in depth by OGDP 
managers.  
Finally, the expectations are that EU-28 countries are slowly homogenizing their OGD 
approaches, which is line with the EU harmonization process and the building of the single market, 
although individual countries are still free souls which can keep their idiosyncrasies. Even in those 
cases where the number of cluster does not decrease, they are getting closer. EU policies should 
reflect on why there are these discrepancies, and how they could contribute to speeding up the 
homogenization process. 
This research has several limitations. First of all, the Score parameter is still a bit limited in 
nature. More important than the absolute number of datasets is the quality of data (following 
Charalabidis, et al., 2018, and Vetrò, et al., 2016), which we will consider in future works. In this 
line of thought, relying on external databases has made it more difficult to obtain consistent results 
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in terms of the clustering analysis. Indeed, we have not been able to carry out the study beyond 
December 2017 because, at the time of writing, there are socioeconomic statistics that have not yet 
been published. Likewise, the lack of data on the part of several countries for some of the indicators 
(e.g. GODI =0) must be considered when interpreting these results. We also plan to study the 
feasibility of cross impact models combined with cluster analysis to forecast the evolution of 
OGDPs, notwithstanding the continuation of the existing research so as to improve the longitudinal 
analysis with current and future data. 
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Table 1: All countries, indicators always combined with Score, lower DBI, per year 
2015 Indicator Epsilon DBI # of clusters Clusters 
2 EXP 1.1 – 1.9 0.263887356 4 1. AT FI 
2. BE BG HR CY CZ DK EE EL HU IE LV LT LU 
MT NL PL PT RO SK SI ES SE 
3. FR UK 
4. DE IT 
3 EGDI 
EXP 
1.1 – 1.9 0.309189882 4 1. AT FI 
2. BE BG HR CY CZ DK EE EL HU IE LV LT LU 
MT NL PL PT RO SK SI ES SE 
3. FR UK 
4. DE IT 
4 EGDI 
EXP 
POP 
2.0 – 2.2 0.36854063 3 1. AT FI 
2. BE BG HR CY CZ DK EE EL HU IE LV LT LU 
MT NL PL PT RO SK SI ES SE 
3. FR DE IT UK 
5 EGDI 
EHT 
EXP 
GDP 
2.3 – 2.4 0.411790456 3 1. AT FI 
2. BE BG HR CY CZ DK EE EL HU IE IT LV LT LU 
MT NL PL PT RO SK SI ES SE 
3. FR DE UK 
6 EHT 
EXP 
GDP 
IUI 
POP 
2.7 – 2.9 0.432498477 2 1. AT BE BG HR CY CZ DK EE FI EL HU IE IT LV 
LT LU MT NL PL PT RO SK SI ES SE 
2. FR DE UK 
2016 Indicator Epsilon DBI # of clusters Clusters 
2 GODI 1.5 – 1.9 0.312322424 4 1. AT BE BG HR CZ DK FI FR DE EL IT LV NL PL 
PT RO SK SI SE UK 
2. CY LU 
3. EE IE 
4. HU LT MT ES 
3 CPI 
PM 
1.5 – 2.2 0.381135965 2 1. AT BE BG HR CY CZ DK EE FI FR DE EL HU 
IE IT LT LU NL PL PT RO SK SI ES SE UK 
2. LV MT 
4 Age 
CPI 
PM 
1.8 – 2.2 0.438483082 2 1. AT BE BG HR CY CZ DK EE FI FR DE EL HU 
IE IT LT LU NL PL PT RO SK SI ES SE UK 
2. LV MT 
5 EHT 
EXP 
GDP 
POP 
2.3 – 2.8 0.495345307 2 1. AT BE BG HR CY CZ DK EE FI EL HU IE IT LV 
LT LU MT NL PL PT RO SK SI ES SE 
2. FR DE UK 
6 EHT 
EXP 
GDP 
IU 
POP 
2.3 – 2.9 0.508936778 2 1. AT BE BG HR CY CZ DK EE FI EL HU IE IT LV 
LT LU MT NL PL PT RO SK SI ES SE 
2. FR DE UK 
2017 Indicator Epsilon DBI # of clusters Clusters 
2 GODI 2.0 – 2.9 0.592144808 2 1. AT BE BG HR CZ DK FI FR DE EL IT LV NL PL 
PT RO SK SI SE UK 
2. CY EE HU IE LT LU MT ES 
3 EXP 
POP 
2.0 – 2.2 0.423727856 2 1. AT BE BG HR CY CZ DK EE FI EL HU IE IT LV 
LT LU MT NL PL PT RO SK SI ES SE 
2. FR DE UK 
4 EXP 
GDP 
Population 
2.0 – 2.4 0.384918969 2 1. AT BE BG HR CY CZ DK EE FI EL HU IE IT LV 
LT LU MT NL PL PT RO SK SI ES SE 
2. FR DE UK 
5 EGDI 2.0 – 2.4 0.401863723 2 1. AT BE BG HR CY CZ DK EE FI EL HU IE IT LV 
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EXP 
GDP 
Population 
LT LU MT NL PL PT RO SK SI ES SE 
2. FR DE UK 
6 EGDI 
EXP 
GDP 
IU 
Population 
2.0 – 2.6 0.417361248 2 1. AT BE BG HR CY CZ DK EE FI EL HU IE IT LV 
LT LU MT NL PL PT RO SK SI ES SE 
2. FR DE UK 
Source: own 
